Abstract: To inform public health and medical decision makers concerning vaccination interventions, a methodology for merging and analyzing detailed activity data and health outcomes is presented. The objective is to investigate relationships between individual's activity choices and their decision to receive an influenza vaccination. Data from the Behavioral Risk Factor Surveillance System (BRFSS) are used to predict vaccination rates in the American Time Use Survey (ATUS) data between 2003 and 2013 by using combined socioeconomic and demographic characteristics. The correlations between the extensive (do or not do) and intensive (how much) decisions to perform activities and influenza vaccination are further explored. Significant positive and negative correlations were found between several activities and vaccination. For some activities, the sign of the correlation flips when considering either the intensive or the extensive decision. This flip occurs with highly studied activities, like smoking. Correlations between activities and vaccination can provide an additional metric for targeting those least likely to vaccinate. The methodology outlined in this paper can be replicated to explore correlation among actions and other health outcomes.
INTRODUCTION
Seasonal influenza is a leading cause of serious illness and death in the USA, infecting approximately 20% of the US population (DHHS 2012) . Based on proven effectiveness, the Advisory Committee on Immunization Practices rec-Prevention estimates that the vaccination rate for adults age 18 or older is 43.6% (CDC 2016b) . Approximately 70% vaccination coverage nationwide is necessary to block transmission and establish herd immunity (DHHS 2012; Plans-Rubió and Plans-Rubio 2012) . Increasing vaccination coverage from current levels to 70% is projected to reduce illness by an additional 5.9 million cases, 2.3 million medically attended cases, and 42,000 hospitalizations (DHHS 2012; Reed et al. 2014 ).
People's day-to-day actions can inform public health and medical professionals about health outcomes, such as one's decision to vaccinate. This valuable information can be used to tailor health messages, interventions, and programs to meet the needs of particular audiences. Many novel techniques are being adopted to gauge how peoples' attitudes, behaviors, and actions influence health. Researchers are now turning to social media to be used in concert with traditional research methods to capture the opinions of individuals that refuse vaccination (Dredze et al. 2016) . Additionally, new computer science research can infer traditional demographics directly from Big Data, such as Facebook and Twitter, allowing alignment between social media and traditional surveys (Culotta et al. 2015; Dredze et al. 2016; Kosinski et al. 2013) . These Big Data sources can go beyond traditional demographics, identifying fine-grained cultural groups, a precision that is both costly and time-consuming with typical surveys, yet critical to understanding vaccine refusal (Dredze et al. 2016) .
Knowledge of the types of activities negatively correlated with influenza vaccination can help public health and medical professionals design more effective outreach programs. In recent years, public health officials have made use of nontraditional influenza vaccination venues to increase uptake (Postema and Breiman 2000) . Nontraditional settings include pharmacies, grocery stores, work places, and schools (Singleton et al. 2005) . These programs lower private vaccination costs by making vaccination more convenient, provide information highlighting health benefits, and may ultimately reach people with a lower probability of vaccinating otherwise (Lee et al. 2009; Uscher-Pines et al. 2012) . Targeting the location of these nontraditional sites provides another margin to increase overall coverage. Knowledge of how activity patterns relate to influenza vaccination coverage can help inform where nontraditional settings could be strengthened or introduced.
Targeted flu vaccination messages and nontraditional vaccination settings have successfully increased vaccination coverage and have disproportionately reduced flu cases (Ward 2014) . Flu vaccine education through text message and television advertisement increased influenza immunization among pregnant women, the elderly, and teens (Burns et al. 2005; Frew et al. 2014; Stockwell et al. 2012 ). Outreach at sporting and cultural events in Colorado encouraged people to talk to their physicians about the flu shot and increased overall flu vaccines rates (Mostow 2001) . Additionally, intervention by healthcare providers has been shown to increase uptake among patients (Frew et al. 2014) .
A majority of people receive their flu vaccine in traditional medical settings; many unvaccinated individuals do not regularly visit or have the time to make a trip to a healthcare provider (Lee et al. 2009 ). Drug stores and supermarkets, including many national chains, have become popular locations to receive the seasonal flu vaccine (Avery and Lariscy 2014) . Distribution of vaccines through these nontraditional settings has successfully increased influenza immunization (Bearden and Holt 2005; Weitzel and Goode 1999) .
Peoples' activities may not put them in contact with current messaging campaigns, or may not provide them with regular access to nontraditional vaccination locations. Activities may also relate to several factors known to impact vaccination rates, such as contact with health professionals, social pressure, education and information, available time, and perceived health status (Bish et al. 2011; Frew et al. 2014; Mullahy 1998) . Interventions to increase flu vaccination coverage have largely been determined by identifying the sociodemographic characteristics of those least likely to receive the vaccination (Mullahy 1998) . Studies often look at immunization uptake with respect to age, health status, race, household structure, income, and insurance coverage (Bish et al. 2011; Merrill and Beard 2009; Mullahy 1998) .
Time-use survey data have been used in research to explain observed human health characteristics. For instance, Zagheni et al. (2008) use ATUS data to estimate age-specific time of exposure to infectious disease. They fit this time-use data to seroprevalence data for varicella obtained from the National Health and Nutritional Examination Surveys and BRFFS. Their methodology of applying time-use data helps to identify containment strategies for infectious disease, such as chicken pox. They recommend further research on methods to match location and activity to health-related behaviors to improve understanding of what locations should be targeted for specific interventions (e.g., schools and grocery stores). In another study by Dukhovnov and Zagheni (2015) , time-use data are combined with an Eldercare Roster file to map time spent giving and receiving care by subgroups of people, revealing notable patterns of care. Childcare took up a sizeable amount of time for caregivers, particularly women in their 30's.
The main objective of this paper is to explore additional methods to connect disparate datasets taken from traditional national surveys. This novel technique of using one dataset to extrapolate information onto a new set of information on individuals' activity patterns will be useful to understand individuals' propensities to be immunized.
DATA
The data for this study are compiled from two large national data sources that contain information on activity patterns and health outcomes information, including influenza vaccination. Individual time-use data come from the American Time Use Survey 2003-2013 (ATUS) (BLS 2012) . The ATUS 1 is subsampled from the US Current Population Survey that contains detailed demographic and socioeconomic information about respondents older than 15 years of age and their family members (including children under 15 years of age). Survey respondents report a 24-h diary of activities, locations, and accompanying persons for every minute of the day. The ATUS is a stratified random sample that has been used to analyze behavior and infection dynamics (Bayham et al. 2015; Berry et al. 2017; Zagheni et al. 2008 ) but has not been used to explore vaccination behavior. We use individual health and vaccination data from the Center for Disease Control Behavioral Risk Factor Surveillance System (BRFSS) (CDC 2013 
STATISTICAL ANALYSIS
Our objective is to explore the relationship between vaccination propensities reported in the BRFSS data and activity patterns reported in the ATUS data. While we do not observe activity patterns and vaccination status in a single dataset, we observe a rich set of demographic and socioeconomic characteristics on individuals in each dataset. We use these observable characteristics to extrapolate vaccination propensities from the BRFSS and estimate vaccination likelihood for ATUS respondents.
Extrapolating BRFSS Vaccination Rates on ATUS Datasets
We estimate a logistic regression model of vaccination uptake using the BRFSS data.
The dependent variable v takes the value 1 if the individual obtained a flu vaccination (shot or mist) within the flu season. A vector of observable characteristics, x, includes age in years, sex, race, household income range, highest education level achieved, employment status, student status, marital status, number of household children, state of residence, and year. While the BRFSS records other information that may influence a vaccination decision, our goal is to predict the likelihood that an individual in the ATUS is vaccinated. Consequently, we only include variables reported in both datasets, and only BRFSS observations that include the vaccination variable. The model is used to predict the probability that individuals in the ATUS vaccinated against the flu. Simply assigning a vaccination probability based on the model neglects the variation inherent in the BRFSS sample. Consequently, any analysis of activity choice as a function of predicted vaccination probability would underestimate the standard error of the vaccination probability estimates. 4 To account for the sample variation in our prediction, we construct a Monte Carlo (MC) simulation to estimate confidence intervals around the predicted vaccination probabilities for ATUS respondents. The steps of the MC simulation are as follows:
1. Obtain the coefficient estimates,ĝ, and model variance, r 2 , from Eq. (1) based on the BRFSS data.
2. Use the model estimates to construct a normal sampling distribution with mean equal to the predicted vaccination probability for each combination of socioeconomic and demographic characteristics,ŷ i , and variance equal to the forecast or prediction variance. Our assumption that the prediction is normally distributed is supported by nonparametric bootstrap. 3. Construct 100 MC datasets that consist of predicted vaccination probability for all ATUS respondents. Each MC sample represents a draw from the distribution described in step 2. These MC datasets are used to investigate the relationship between activity choices and vaccination likelihoods described in the next section.
Vaccination and Activity Choice
A series of regression models are used to examine the relationship between the probability of vaccination and individual engagement in one of 41 activities (see list in Table S1 ). A logistic regression is used to examine the relationship between the choice to engage in an activity (extensive decision) and the probability of vaccination. A quasi-Poisson regression is used to examine the relationship between the number of minutes spent on an activity (intensive decision conditional on engaging in the activity) and the probability of vaccination. The quasi-Poisson model is a generalization of the standard Poisson regression model designed to accommodate survey weights (Lumley 2014). Incidentally, the quasi-Poisson model does not restrict the mean to be equal to the variance as in the standard Poisson regression. The following covariates are included in the extensive and intensive regression models to control for socioeconomic and demographic factors explaining activity choices: age in years, sex, annual income range, highest level of education attained, day of the week, month, year, and state of residence. The odds ratios are calculated for marginal (incremental) increases in vaccination probability for each activity in the logistic regression (extensive decision). In the quasi-Poisson regression (intensive decision), risk ratios are calculated for a 1% increase in vaccination probability. We assume that any errors in our estimation of the probability of vaccination are unrelated to errors in our analysis of activity decisions. In other words, there is not some common confounder that remains when estimating the probability of vaccination based on demographic information that also influences the probability that an individual performs an activity.
The ATUS asks respondents to report the location where an activity was conducted. Grocery stores are a common existing nonconventional vaccination site. The analysis is repeated to examine the relationship between time spent in grocery stores and the extensive and intensive activity decisions. Because the activity and location information all come from the ATUS data, there is no matching uncertainty and Monte Carlo simulations were unnecessary. These models examine the intensive and extensive decisions to perform an activity, conditional on the amount of time spent in a grocery store and a vector of covariates. Odds and risk ratios are again calculated for the extensive and intensive decisions, respectively. Risk ratios are calculated both for the extensive decision to spend time in a grocery store, and for additional minutes give an individual already goes to the grocery store.
All analysis is conducted in (R Core Team 2015). The R package survey is used to account for the stratified survey design in the BRFSS and ATUS datasets (Lumley 2014) . The vaccination probability model (1) as well as the extensive and intensive decision models is estimated with R package svyglm, which facilitates estimation of generalized linear models where the data come from a stratified random sample.
RESULTS
We present the results of the series of logistic and quasiPoisson regression models in a graph to illustrate clustering of activities into four categories (Fig. 1) . The coefficients on vaccination likelihood variable are plotted as x (extensive, logistic) and y (intensive, quasi-Poisson) coordinates. Extensive decisions represent whether people engage in the activity at all, while intensive choices are the amount of time spent doing the activity, conditional on engaging in it at all.
The upper left quadrant shows negative correlation (odds ratio < 1) between the propensity to receive an influenza vaccine and engagement in an activity, but a positive correlation between vaccination and the amount of time spent doing the activity. These activities include 'tobacco and drug use' and 'vehicle maintenance and upkeep.' This result suggests that the decision to use tobacco and drugs is negatively correlated with vaccination, but as the use of drugs and tobacco intensifies, the probability of vaccination increases. Figure 1 . Probability of getting the flu vaccine based on activity is presented below. The x-axis is the probability of getting the flu vaccine subject to engaging in the activity (extensive margin). The y-axis is the probability of getting the flu vaccine subject to an additional minute spent engaging in the activity (intensive margin). From this plot, we can discern activities correlated with the probability of getting the flu vaccine.
The upper right quadrant displays activities correlated with influenza vaccine uptake on both the intensive and extensive margins. Most activities fall in this realm, indicating that these types of activities are associated with receiving an influenza vaccination. These activities are also primarily social activities, which is consistent with the importance of social pressure influencing decisions to receive vaccination (Bish et al. 2011) .
The lower right quadrant of Fig. 1 shows activities that are positively correlated with influenza vaccination on the extensive margin, but negatively correlated on the intensive margin. Last, the lower left quadrant contains activities both negatively correlated with flu vaccination on the intensive and extensive margins. These activities are 'work,' 'job search,' and 'personal care' (Fig. 1) . This result is consistent with the literature on work and vaccination that suggests that employed individuals face time budget constraints that may reduce the likelihood of vaccination (Mullahy 1998) .
The next set of results focuses on the relationship between extensive and intensive activity decisions and time spent in a grocery store. Grocery shopping is positively correlated with receiving the flu vaccine. An individual who spends an additional minute grocery shopping is 8% more likely to vaccinate against flu (10% more likely when shopping in general). People engaged in the activities 'shopping' and 'grocery shopping' are more likely to be exposed to flu vaccination messages and the opportunity to vaccinate at the grocery store.
Despite grocery stores being typical nonconventional vaccination sites, the results suggest that more time spent at the grocery store is negatively correlated with the extensive decision to engage in several activities positively correlated with vaccination. In addition, the decision to spend any time in a grocery store is negatively correlated with the intensive decision to spend time on activities in the following categories. Social pressure is believed to contribute to higher vaccination rates (Bish et al. 2011) . Social activities including 'cardio sports and activities' and 'volunteerism,' though negatively correlated with grocery shopping, could lead to social pressure. Additionally, 'study and research' and 'education and class' (negatively correlated with grocery shopping) are activities related to being a more informed individual in general. The evidence suggests that individuals who are more educated are more likely to vaccinate (Mullahy 1998) .
The extensive and intensive decisions to perform interpersonal activities (e.g., 'socializing,' 'child care services', and others) are positively correlated with time spent in a grocery store and vaccination probability. These activities may be more common for nonworking primary care providers in two-person households who would be expected to obtain a flu vaccination to protect children. Substantial amounts of time spent on 'cardio sports and activities' may also reflect preferences for health. Figure 2 depicts the correlation between the 41 activity categories listed in Table S1 . To focus our discussion, we limit ourselves the activities listed in Table 1 . Social activities tend to be positively correlated with each other and with time spent in a grocery store and being vaccinated. The exceptions within the statistically significant activities are 'education and class' and 'work.' While time spent on 'education and class' is negatively correlated with time spent in grocery stores, it is positively correlated with several activities that are also positively correlated with vaccination. Conversely, work is negatively correlated with almost every other activity. This suggests that time spent working simply reduces the available time budget to become vaccinated, and individuals who work more lack opportunities to perform other activities.
DISCUSSION
The American Time Use Survey and Behavioral Risk Factor Surveillance System Survey can be used to identify innovative approaches to combine existing public health datasets and provide insight into locations where nontraditional vaccination campaigns may be targeted. This new method of extrapolating information from one disparate dataset onto another to target policy involves examining the activity choice of individuals least likely to receive the flu vaccine, rather than sociodemographic characteristics, as previously done.
Previous work has targeted vaccination interventions based on sociodemographic characteristics and physical location (Mullahy 1998; Scheminske et al. 2015; StehrGreen et al. 1990 ). The novel approach of combining datasets allows for the use of detailed activity data and vaccination data to suggest locations for nontraditional interventions using activity choice where unvaccinated individuals are likely to be. By using the ATUS and BRFSS datasets, which have detailed demographic information, it is possible to examine the relationship between expected vaccination probability and activity choice. The methods outlined in this study can also be used to understand how activity choice affects other health outcomes captured by BRFSS.
The correlation analysis of activity choice and the decision to be vaccinated for influenza has potential to provide valuable insights for policymakers. Previous results from the literature, such as the importance of contact with medical professionals, are supported by our findings, where time spent on activities is correlated with a greater likelihood of vaccination (household child medical care has an odds ratio (OR) of 1.28 for the extensive decision and a risk ratio (RR) of 1.08 for the intensive decision). Time spent on 'study and research' (OR: 1.74, RR: 1.11) or 'education and class' (OR: 1.68, RR: 1.07) leads to greater vaccination uptake. Similar results are available for 'socializing,' where higher social pressure may cause greater vaccination (OR: 1.12, RR: 1.08).
The activity 'smoking' demonstrates the importance of considering both the extensive and intensive activity decisions. The extensive decision to use tobacco is negatively correlated with vaccination, consistent with the literature (Nichol et al. 1996) . Smoking also causes individuals to be at greater risk of influenza (Arcavi and Benowitz 2004) . We cross-validate our results using logistic regression on only BRFSS data on vaccination choice against extensive choice data on if an individual is a smoker, controlling for age, sex, race, income, education, employment status, and year. This analysis yields a small and negative effect (coefficient of -.429 with SE of .00289) with an odds ratio of .995 for a 1% increase in the log odds of smoking. This is compared to an odds ratio of 0.9 for extensive margin effect associated with engaging in 'tobacco or drug use' from the BRFSS-ATUS combined data.
The intensive decision to smoke (how much to smoke conditional on smoking) is positively correlated with the probability of vaccination (1.18 with p value of 0.1398). The evidence suggests that a healthcare provider's recommendation to receive a vaccine can overcome the effect of an individual's own attitudes concerning the vaccine, leading the individual to vaccinate (Nichol et al. 1996) . Increased smoking is correlated with negative health impacts, potentially leading to greater exposure to healthcare professionals. The increased risk to heavy smokers of influenza means the vaccine is particularly important for these individuals, suggesting campaigns targeting smokers might also discriminate based on how much an individual smokes (Arcavi and Benowitz 2004) .
Hiking is a second example of the importance of considering both extensive and intensive decisions. On the intensive margin, hiking is negatively correlated with the probability of vaccination (RR: .948). This implies that individuals who are more likely to be vaccinated spend less time hiking, all-else-equal. Time spent in grocery stores is negatively correlated with the choice to spend time hiking on the intensive and extensive margins (OR: .993, RR: .988). Individuals who hike are less likely to spend time in a grocery store and less likely to be vaccinated. Perhaps because they miss nontraditional campaigns, they may perceive themselves as healthier, or maybe less likely to face social pressure to vaccinate.
LIMITATIONS
Our analysis does come with several limitations: We do not identify the marginal individual, and we do not establish a causal relationship between vaccination and activity decisions. This exercise is intended to demonstrate how information from two disparate datasets containing some overlapping information can be linked using socioeconomic and demographic characteristics. The more rigorous identification strategy needed to provide evidence of causation is beyond the scope of this paper.
The ATUS has relatively few observations for some geographic locations and activities that are not common (BLS 2012) . This can be a result of sparse population. To avoid individual identity, demographic data may be omitted making extrapolation more difficult. Omitted data can reduce statistical power and affect the probability of correctly identifying significant correlations. This limitation can be overcome by performing surveys of potentially important activity in locations of interest. For example, policymakers may sponsor a survey in their area of individuals' time-use decisions. The results of this survey could be combined using demographic data to other available vaccination or health data to identify correlations between activities, behaviors, and outcomes of interest. In addition, the application of our method is also limited by the availability of other activity choice and behavior data, and the design of these surveys is an entirely separate research topic.
CONCLUSION
We apply a novel method to extrapolate information from one disparate dataset to another from traditional national surveys. We use these methods to examine activity choices for insights into increasing vaccination rates based on better targeting interventions. For example, smokers who do not smoke enough to suffer from severe enough health consequences to be in regular contact with health professionals should also be targeted through interventions placed outside of traditional areas. Our approach of using time-use data, which is regularly collected by the US government, could be extended to other public health issues in order to provide more information for targeting policy. This same methodology could be applied to vaccination decisions related to pneumonia, HPV, Shingles, MMR, or screenings for cancers and HIV. Activity data may be of interest where activity is directly related to susceptibility to a disease, such as obesity and its associated health impacts. The BRFSS codebooks contain a variety of health-related variables, and an understanding of activity choice may provide insight into where public health professionals should focus their attention.
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APPENDIX

Vaccination and Activity Choice
Two regression models are used to examine the relationship between vaccination and activities at the extensive (logistic regression) and intensive (Poisson regression) margins.
Estimating the Do-Don't Do Decision (Extensive Choices)
The logistic regression of whether or not individuals perform an activity consists of a binary indicator equal to one if respondent i ¼ 1; . . . ; n does activity j ¼ 1; . . . ; J as a function of the probability of vaccination,v i , and the vector of controls, x.
When Pr Bin a ij ¼ 1 À Á , the individual chooses to participate in an activity, otherwise it equals zero. The estimated vaccination probabilities,v i , have associated prediction error. Therefore, Monte Carlo simulation is used to estimate the vaccination coefficient and associated standard errors. The Monte Carlo procedure is as follows:
1. Draw a vaccination probability from a normal distribution with mean equal to the coefficient estimated from the preliminary logistic regression in Eq. (1), g v , and its standard error. 2. Estimate the logistic activity regression in Eq. (2) and store coefficient b 1 . 3. Repeat steps 1 and 2 100 times. 4. Calculate the mean and standard error based on the 100 5 different coefficient estimates from each run.
Odds ratios are calculated for the impact of a 1% increase in vaccination probability on the likelihood of performing an activity. All odds ratios and risk ratios are calculated for a 1% increase in relative risk of vaccination. Odds ratios from Eq. (2) are interpreted as the odds that an individual participates in activity j, conditional onv i being 1% higher, relative to the odds that an individual participates in j conditional on their vaccination probability being unchanged.
Estimating Time Spent (Duration Decision)
The intensive activity decision, conditional on doing the activity, is modeled as a Poisson regression. The minutes spent doing an activity, a ij , is regressed on the continuous probability of being vaccinatedv i and a vector of controls
which is estimated with quasi-Poisson errors, which assume that variance is a linear function of the mean to control for possible over dispersion. The coefficient, d 1 , and its standard error are estimated by the Monte Carlo simulation methods described in the previous section. Risk ratios are calculated for the second equation in (3) and are interpreted as the ratio of the probability an individual spends another minute participating in an activity conditional on their vaccination probability being 1% higher, relative to the probability of spending another moment participating in that activity conditional on their vaccination probability being unchanged.
Grocery Shopping
We also estimate a model of activity choice and grocery store attendance. Because it is not necessary to statistically match the datasets, we use the full ATUS dataset and do not perform Monte Carlo simulations. We observe the duration of each activity done by respondents on their interview day as well as time spent at the grocery store location.
Estimating time spent (duration decision) consists of a logit model of the decision of how much time to spend at the grocery store on the extensive decision to participate in an activity. Let g i be the total minutes respondent i spends at a grocery store and the binary variable, d Variable a ij remains the time spent on activity j by person i and d g i is time spent at a grocery store. We include the vector x i of controls that consist of age, sex, income, education, the day of the week, month and year as well as the state. We again estimate this equation for each activity j in the ATUS. The model contains both the binary grocery store variable and the interaction between the binary and continuous variables. Including both variables provides flexibility to the model to accommodate the difference between the effect of zero and 1 min versus 10 and 11 min on activity.
We calculate odds ratios for all activities in Eq. (3) for both the first minute spend in a grocery store, and every additional minute. The interpretation of the odds ratio for c 1 is the ratio of the odds that an individual participates in activity j subject to spending any time at all in a grocery store (binary variable, d g i ) relative to the odds that an individual participates in activity j subject to not spending time in a grocery store. The odds ratio for c 2 is the ratio of the odds an individual participates in an activity conditional on spending an additional minute at the grocery store, versus not having spent more time at the grocery store (but still having gone to a grocery store for at least 1 min).
We use a count model to study the association between intensive activity decisions and the extensive decision to spend time in grocery store, d g i ; and the amount of time in grocery store, g i ,
The model uses quasi-Poisson methods as an ad hoc control for over dispersion. The risk ratio of c 1 and c 2 is analogous to the odds ratios for c 1 and c 2 in the first stage, except they are not ratios of probabilities instead of odds.
